We extended previous work to identify ADHD in BCS70, derived scales from existing data, modeled ADHD items with IRT, and adjusted for a zeroinflated distribution. Psychometric properties were promising, and this work will enable future studies of causal mechanisms in ADHD.
methodological challenges have made it difficult to exploit existing longitudinal datasets to this end. Challenges include insufficient cohort age, sample biases, imprecise measures, and lack of psychosocial data. Here, we propose a robust and replicable method to mitigate these challenges and facilitate future causal outcome analyses.
| Methodological challenges
First, longitudinal data sources used in ADHD analyses are limited by cohort age. Most sources report adult ADHD outcomes between ages 18 and 25 (Cadman et al., 2016; Kuriyan et al., 2013; Lara et al., 2009; Swanson et al., 2017; van Lieshout et al., 2016) .
However, the brain continues to develop until about age 30 (Sowell et al., 2003) , and imaging studies indicate that cortical development in ADHD is slower than average (Shaw et al., 2013) . Additionally, there is a trend in Western societies to delay the traditional markers of "settled" adulthood, such as stability of residence, marriage/partnership, and financial independence from parents (Arnett, 2000, p. 469) . Thus, it is our view that long-term outcomes for ADHD should be evaluated after age 30.
Longitudinal data are needed from a cohort born in the mid-1980s or before to support post-age-30 outcomes analysis, but the current Psychiatric Association, 1987; Barkley, 2015) . Yet ADHD is a latent construct, that is, not directly observable (Bollen, 2002) , and latent constructs lend themselves to data mining or "… the extraction of implicit, previously unknown, and potentially useful information from data" (Witten, Frank, Hall, & Pal, 2017, p. xxiii) . Data mining could be used to retrospectively identify ADHD from data in a long-running, existing study and mitigate the insufficient cohort age limitation.
ADHD criteria have only been stable since 1987 or the Diagnostic and Statistical Manual of Mental Disorders (DSM)-3-R (American
Second, samples used for ADHD outcomes studies tend to be small, clinical, or based on retrospective recall (Caye, Spadini, et al., 2016; Cheung et al., 2015; Swanson et al., 2017) . Small samples do not provide enough statistical power for complex modeling techniques needed to analyze long-term trajectories (Wolf, Harrington, Clark, & Miller, 2013) . Clinical samples tend to overrepresent boys, cases with severe symptoms, and the combined type presentation of ADHD (Willcutt, 2012) . Finally, nonclinical sample studies are often based on retrospective recall of childhood symptoms (Caye, Spadini, et al., 2016; Lara et al., 2009) , which is affected by recall ability (Coughlin, 1990 ) and personality factors (Reuben et al., 2016) . Accordingly, Caye et al. (2016) recommended that prospective cohort studies should be implemented. In the meantime, data mining an existing long-running study could address all three of these biases.
Third, in studies of outcomes, ADHD is typically reported using an imprecise categorical indicator, that is, "ADHD" or "not ADHD." More sensitive dimensional measures are needed to detect individual differences (American Psychiatric Association, 2013; Gorter, Fox, & Twisk, 2015) (Agnew-Blais et al., 2016; Salum et al., 2014) . Derivation of a sensitive dimensional measure requires a large, minimally biased dataset.
Finally, identification of ADHD retrospectively in a rich dataset opens the possibility for longitudinal analyses on a variety of outcomes based on psychosocial factors, which are thus far understudied in the ADHD literature (Costello & Maughan, 2015) .
In sum, insufficient cohort age, sample biases, imprecise measures, and lack of psychosocial data impede analysis of optimal ADHD outcomes. All could be mitigated by utilizing data from a large, long-term, population-based longitudinal cohort study, rich in psychosocial data.
To this end, we short-listed candidate datasets, primarily based on data age, and then reviewed in detail the following: Avon Longitudinal Study of Parents and Children (1991), 1970 British Cohort Study (BCS70) , and Northern Finland Birth Cohort 1986. BCS70 was selected for preferable size, age, representativeness, and richness.
BCS70 is an ongoing population-based study of 17,198 children born from April 5 to 11, 1970 . The study offers a rich array of health, psychological, social, and economic data from nine sweeps between ages 0 and 42 (Centre for Longitudinal Studies, 2015; Elliott & Shepherd, 2006) . The third sweep at age 10 includes extensive data on behavior (Butler, Despotidou, & Shepherd, 1997) . Age 10 is ideal for assessing ADHD, because it is between 7, the most common age of diagnosis (Centers for Disease Control and Prevention, 2013) , and 12, the cutoff for diagnosis of childhood ADHD (American Psychiatric Association, 2013) . Also, most of the ADHD-relevant questionnaire items in the BCS70 age 10 sweep were derived from the Rutter (Rutter, 1967) and Conners scales (Conners, 1969; Butler et al., 1997) , which are predecessors to current well-validated ADHD measures (American Academy of Pediatrics, McNeil, & Wolraich, 2002; Conners, 2008) . Items were completed by both parents and teachers, providing valuable multiple setting context (American Psychiatric Association, 2013; Butler et al., 1997) . Finally, the age 10 sweep had 14,875 respondents and 11,426 with data on behavior, providing a plenteous sample to support complex statistical models and estimate a robust dimensional ADHD measure.
| Literature review
We found only a handful of studies that derived a scale to measure ADHD or a similar latent construct in existing data. Brassett-Grundy and Butler (2008) derived a proxy measure for ADHD and evaluated outcomes at age 30 in BCS70. However, they used a combination of 23 Conners (Conners, 1969) and Rutter items (Rutter, 1967) to measure ADHD, including 10 (e.g., "has difficulty using scissors"; Brassett-Grundy & Butler, 2008) , which are not part of the current ADHD construct. Therefore, the construct they derived is unlikely to have specifically discerned ADHD as it is currently understood. Also, they calculated a simple sum and applied a clinical cutoff to create a categorical indicator but did not estimate a dimensional measure. ) in BCS70 or similar datasets. They aggregated items and standardized as a general approach. Garcia-Barrera, Kamphaus, and Bandalos (2011) derived a scale to screen for executive function difficulties using items from the Behavior Assessment System for Children in an existing dataset. They mapped Behavior Assessment System for Children items to four executive function domains and estimated dimensional measures using factor analysis. Psychometric properties were evaluated using an expert panel to review the mapping, Cronbach's alpha, and measurement invariance by age and gender (Garcia-Barrera et al., 2011) . A similar factor analysis approach has been used elsewhere to retrospectively measure intelligence, personality, and behavior factors (Gale, Hatch, Batty, & Deary, 2009; Prevoo & ter Weel, 2015; von Stumm, Gale, Batty, & Deary, 2009 ). These more complex methods address some of the key challenges faced with measuring ADHD in BCS70, including mapping items from an existing scale to an unmeasured construct, estimating with greater precision, and evaluating psychometric properties.
A more complex method is desired here to provide a robust dimensional measure for use in future work. For our data, item response theory (IRT) is a preferable modeling framework. IRT is a special case of confirmatory factor analysis that builds a model at the item level, leading to a better generalizability across samples than other psychometric methods (Baker, 2001; Embretson & Reise, 2000) .
IRT fits here because the BCS70 age 10 dataset is large (N > 500), the data are categorical (Embretson & Reise, 2000; Van Der Eijk & Rose, 2015) , and factor structure evaluation indicates ADHD is most reliably measured as a unidimensional latent trait (Wagner et al., 2016) . IRT models have been widely recommended for measuring psychiatric and health-related constructs (Edelen & Reeve, 2007; Gorter et al., 2015; Muthen & Asparouhov, 2006; Sturm, Kuhfeld, Kasari, & Mccracken, 2017) . Importantly, other authors have used IRT to evaluate psychometric item properties of DSM ADHD criteria (Arias, Esnaola, & Rodríguez-Medina, 2018; Gomez, 2007 Gomez, , 2008 Gomez, , 2011 Gomez, , 2012 Gomez, Vance, & Gomez, 2011; Li, Reise, Chronis-Tuscano, Mikami, & Lee, 2015) , compare model fit in subsamples (Polanczyk et al., 2010) , and provide quantitative verification of diagnosis (Lindhiem, Yu, Grasso, Kolko, & Youngstrom, 2015) . These IRT studies reported good indicators of model fit in a variety of clinical and nonclinical samples.
Although IRT models are robust to some nonnormality, they assume an approximately normal distribution (Reise & Revicki, 2015) .
We should not assume a normal distribution for ADHD (or any psychiatric disorder) in a population-based sample (Kaat & Farmer, 2017; Reise & Waller, 2009; Wall, Park, & Moustaki, 2015) . A large proportion of respondents are expected to have zero symptoms or very few (Finkelman, Green, Gruber, & Zaslavsky, 2011; Reise & Waller, 2009; Wall et al., 2015) . Simulation studies have shown that ignoring nonnormality of a latent trait in IRT can lead to significant estimation errors (e.g., inflated discrimination parameters), and adjustments are recommended (Kaat & Farmer, 2017; Sass, Schmitt, & Walker, 2008; Wall et al., 2015; Woods, 2015) . There are few ways to adjust for nonnormality in IRT, including the empirical histogram, Ramsay curve, (Woods, 2015) , and zero-inflated mixture model (ZIMM; Wall et al., 2015) . The latter method specifically adjusts for the zero-inflation we expect to find with ADHD in BCS70.
| Present study
Our objective was to develop and demonstrate a robust method to derive a categorical and dimensional measure of ADHD in the BCS70 age 10 data, enabling future studies of outcomes. We aimed to incorporate a data mining framework, apply approximate DSM-5 diagnostic criteria, develop an IRT model adjusted for zero-inflation, and evaluate psychometric properties. In the age 10 sweep, cohort members (N = 14,875) were 96% "English, etc.," 51.5% boys, and 63.9% of their parents had jobs in the "middle" social classes, designated in 1980 as "II-manual," "IIInonmanual," and "IV-partly skilled." All were born in April 1970.
Children with parents born outside Britain, single mothers, teenage mothers, mothers over 40, unemployed fathers, and low parental education level were underrepresented due to attrition (Butler et al., 1997, p. 35) . The ADHD-relevant behavior questionnaire items were left blank by many respondents (n = 3,449); these observations were excluded from our sample (N = 11,426). 
| Ethics

| Tools
Analyses were conducted using Stata 14.2 (StataCorp, 2015), MPlus 8 (Muthen & Muthen, 2017) , Microsoft Excel, and Qualtrics (2017).
| Measures
| DSM-5 ADHD criteria
There are 18 symptoms: nine hyperactive/impulsive and nine inattentive, plus six additional conditions, totaling 24 items. The diagnostic threshold requires at least six symptoms from either or both lists of nine to be observed often, along with all six conditions. Depending on which symptom thresholds are met, presentation types of primarily hyperactive and impulsive, primarily inattentive, or combined are applicable (American Psychiatric Association, 2013). In the present study, we have used abbreviations to refer to the DSM-5 ADHD criteria; for example, "dh1" refers to the first symptom in the DSM-5 list of hyperactive/impulsive symptoms.
| BCS70 age 10 behavior items
Fifty-three items from the maternal self-completion form and educational questionnaire pertained to child behavior (Butler et al., 1997) .
The items were completed by a parent and a teacher, respectively.
Most were based on Rutter (Rutter, 1967) and Conners (Conners, 1969) items, though a handful were written, tested, and added by the BCS70 study designers (Butler et al., 1997 ). An example item was "Is squirmy or fidgety," and the respondent (parent or teacher) indicated the extent to which the statement applied to the child (see Figure 1 ).
| Strengths and Difficulties Questionnaire hyperactivity subscale
The subscale for ages 4-17 consists of five items (abbreviated): restlessness, fidgeting, distractibility, impulsivity, and attention span (R. Goodman, 1997; youthinmind, 2012) . The subscale has been validated for use as a diagnostic screener and in research as a proxy for ADHD diagnosis (Stone, Otten, Engels, Vermulst, & Janssens, 2010; Ullebø, Posserud, Heiervang, Gillberg, & Obel, 2011) .
| Approach
Our approach was guided by a data mining framework and included three phases: (a) data assessment and preparation, (b) modeling, and (c) evaluation (Kurgan & Musilek, 2006, p. 6-7) .
| Data assessment and preparation
This first phase entailed item mapping, recoding, application of DSM-5 criteria, and model selection.
Item mapping and derived scale
Using the 24 DSM-5 ADHD items as a reference point, the 53 BCS70 behavior items were inspected visually for semantically similar content. Next, all the remaining (~2,900) data items from the age 10 sweep were checked for further mapping candidates using keyword searches and visual inspection. We successfully mapped 19 (79%) of the 24 DSM-5 items: five/nine inattentive, nine/nine hyperactive/impulsive, and five/six conditions, to BCS70 items. No mapping could be found for di1-careless mistakes, di3-doesn't listen, di5-trouble organizing, di7-loses things, or dc6-symptoms >6 months.
Three of the conditions: dc1-symptoms by age 12, dc4-no other psychiatric disorder, and dc5-symptoms not part of another psychiatric disorder were mapped to the BCS70 data but had insufficient variation to be useful so were excluded from the resultant 16-item scale.
A panel of 16 international experts completed an online survey to review the item mapping. Adjustments were made to reflect their views (Appendix S1 includes survey instructions, example questions and results, and details of adjustments). The final mapping of DSM-5 to BCS70 items and our derived 16-item scale are reported in Table 1 .
Recoding
Most of the mapped BCS70 items were presented to respondents using visual analog scales (VAS; Figure 1 ). Post-completion, coders assigned values of 1-47 (teacher items) or 0-100 (mother items; Butler et al., 1997) . Subsequently, studies have shown that VAS scales function as categorical rather than continuous variables because equal distance cannot be assumed between points; the likely maximum is three to four categories (Svensson, 2001; Wewers & Lowe, 1990 ).
Hence, we recoded VAS items into more plausible categories. Visual inspection of histograms for raw VAS data indicated three roughly equal-sized response levels. This is consistent with other measures of ADHD (e.g., the Strengths and Difficulties Questionnaire [SDQ]), which use not true, sometimes true, and certainly true (or similar) as levels. However, the DSM-5 criteria are worded in a dichotomous way: Symptoms occur often or not often. Accordingly, dichotomous coding has been used in other IRT-based measures of ADHD (Gomez, Vance, & Gomez, 2011; Lindhiem et al., 2015) . Therefore, we divided the scales into thirds and equated the bottom two-thirds to not true and sometimes true, recoding both to not often (0). The top third was equated to certainly true and recoded as often (1). Items were reverse coded as appropriate.
Three BCS70 teacher items (j080-talking, j081-moving around, and j082-fidgeting) used a different scale (what percentage of the time does the student spend …). Precedent could not be found for categorically recoding this type of data. We coded only observations ≥3 SDs from the mean as often (1), which was difficult to achieve but supported conservative inferences.
If more than one BCS70 item from parent or teacher mapped to a single DSM-5 criterion, the DSM-5 criterion was considered met if any of the mapped BCS70 items were met.
Application of DSM-5 ADHD criteria
Next, a categorical ADHD indicator and presentation type were derived by applying (approximated) DSM-5 diagnostic criteria (American Psychiatric Association, 2013) to our 16-item scale (Figure 2 ).
Model selection
Descriptive statistics for a simple sum score of the 16 dichotomous items indicated a nonnormal, zero-inflated distribution (i.e., a large proportion of the sample had zero symptoms: n = 2,869 or 25%; see Figure 3 ). This supported the use of a ZIMM model (Wall et al., 2015) for our analyses.
ZIMM is a zero-inflated mixture model, with "mixture" referring to latent class and factor components. ZIMM uses a degenerate There is clear evidence that the symptoms interfere with, or reduce the quality of, social, school, or work functioning
As a proxy, criterion was considered met if the child was in the "moderate" or "severe" behavior problems group based on their (mother) Rutter items score (Continues) ("nonclinical") class, with an extreme fixed negative mean (μ = −100) and zero variance, to adjust for the influence of the large proportion of observations with zero symptoms (Wall et al., 2015) . The second, "clinical" class is then dominant in the estimation of model parameters, providing a dimensional measure of the latent trait that is less unduly biased by nonclinical cases (Finkelman et al., 2011; Magnus & Thissen, 2017; Wall et al., 2015) .
For dichotomous data like ours, IRT models can estimate between one and four parameters: 1PL/2PL/3PL/4PL. The four parameters, building cumulatively, are difficulty (i.e., location or threshold), discrimination, lower/guessing asymptote, and upper/fatigue asymptote (Embretson & Reise, 2000; Magis, 2013) . DSM-5 ADHD items are unequal in their ability to discriminate (see Arias et al., 2018) , so slopes will vary, and 1PL estimating difficulty only is not adequate. The third and fourth lower and upper asymptote parameters are relevant in educational tests measuring ability, where respondents are motivated to achieve a high score (Embretson & Reise, 2000; Magis, 2013) . Accordingly, 3PL and 4PL are not appropriate for psychiatric constructs (Finkelman et al., 2011) . Therefore, the two-parameter logistic (2PL) model (Birnbaum, 1968 ) was used here. The 2PL model is operationalized through an item characteristic curve (ICC) for each item, with the following equation:
where Pr = probability, X = response to the item (either 0 or 1), α = item discrimination, β = item difficulty, and θ = individual scaled factor score. Discrimination is the slope of the ICC at the steepest point, indicating how dramatically the probability of a positive response increases over the range of factor scores (θ). Difficulty is the point on the ICC where the probability of either (0 or 1) response is 50% (Baker, 2001 ).
| Modeling
Within the data mining framework, modeling comprised testing model assumptions, building plausible models, and selecting a model with the best fit to the data.
Validation of IRT assumptions
Unidimensionality and local independence were supported by factor analysis on a matrix of tetrachoric correlations for the 16 items, showing clear dominance on a first factor (4.9 times the second factor) and low (<0.30) correlation residuals for each item pair (Embretson & Reise, 2000; Hambleton, Swaminithan, & Rogers, 1991 Note. Item codes: "m"-maternal self-completion questionnaire; "j"-educational questionnaire; "R"-reverse coded.
FIGURE 2 Process used to apply our approximation of DSM-5 ADHD criteria. † Conditions dc4 and dc5 (both based on another psychiatric diagnosis) were omitted from our scale due to insufficient variability. However, two children in our sample were explicitly excluded from the DSM-5-based ADHD subgroup due to another psychiatric diagnosis; ‡ 6/9 is two-thirds, so two-thirds of the five symptoms was used as a best approximation (3.35, rounded up to 4, to support conservative inferences). ADHD: attention deficit hyperactivity disorder; DSM-5: Diagnostic and Statistical Manual of Mental Disorders-5 The ZIMM models were based on Wall et al. (2015) . We compared three variations ( Table 2) . The log likelihood, Akaike's information criterion, and Bayesian information criterion initially pointed to the ZIMM three class model as the best fit, but Entropy was low (0.45), indicating too many classes (Celeux & Soromenho, 1996) . Thus, the ZIMM two-class model was selected, which aligns with the findings from the Wall et al. (2015) study. Mplus code for the ZIMM two-class model is provided in Appendix S2.
| RESULTS
Results comprised an evaluation of psychometric properties for the derived 16-item scale, categorical measure based on DSM-5, and dimensional measure based on the ZIMM two-class model. Evaluation is the third phase of our data mining framework.
| Derived 16-item scale
Reliability was good (Cronbach's α = 0.85), and face validity was confirmed by an expert panel review (see Item mapping and derived scale section).
| Categorical measure based on DSM-5 criteria (ADHD subgroup)
The derived ADHD subgroup (n = 594) was 5.2% of the N = 11,426 sample. Because the data were collected in 1980-1981 and no validated measures of DSM-5 ADHD were available (Butler et al., 1997) , novel approaches were required to assess construct validity. These included comparisons with epidemiology and derived reference scales.
The DSM-5 ADHD subgroup had a similar composition to epidemiology/meta-analyses estimates of overall prevalence, gender, and subtype (Table 3 ). The subgroup was also comparable with epidemiology reports on ADHD samples, with overrepresentation of boys, health, social and economic disadvantages, and below average cognitive abilities (Table 4 ; Costello & Maughan, 2015; Loe & Feldman, 2007; Matza, Paramore, & Prasad, 2005; Willcutt, 2012) .
The SDQ hyperactivity subscale items were mapped (youthinmind, 2014b) to items from BCS70 (Table 5) , and a sum score was derived for comparison. The simple sum score from our scale was highly correlated with the SDQ subscale score (r = 0.74, p < 0.001), supporting construct validity.
Additionally, we replicated part of a study that derived a proxy measure for ADHD in BCS70. Their measure was based on Conners (Conners, 1969) and Rutter (Rutter, 1967) items (Brassett-Grundy & Butler, 2008) , including several that are not currently considered part of the DSM-5 ADHD construct (see Section 1.2). The replication-based subgroup (N = 1,102) was much larger than ours (N = 594), and membership overlapped only 66.5%. However, the simple sum scores from their scale (mother + teacher) and ours were highly correlated (r = 0.82, p < 0.001), also providing some support for construct validity.
| ZIMM model and estimated dimensional score
The two-class ZIMM was used to estimate a factor score (theta) for All the ZIMM two-class discrimination and difficulty parameters were significant (p < 0.001; Table 6 ). Discrimination for symptoms ranged from 0.90 to 2.81 or moderate to very high (Baker, 2001 ). Difficulty ranged from 0.49 to 3.62, functioning best for individuals just above average to very high on the ADHD trait (Baker, 2001) . Note. Willcutt (2012, p. 492) . Data based on estimates from Table 1 , only using full DSM-IV criteria data from parents and teachers, as these were most comparable with the method used in the present study. Precise figures were not available for the subtypes, so the "~" symbol indicates an approximation based on the data available. ADHD: attention deficit hyperactivity disorder; DSM-5: Diagnostic and Statistical Manual of Mental Disorders-5.
| Information characteristic curves
All 16 ICC curves visually supported the moderate to high ability of the items to discriminate between respondents ( Figure 5 ; Baker, 2001 ). The most discriminating symptoms were di8-easily distracted (α = 2.81) and dh5-on the go/motor (α = 1.97). The least discriminating was dh6-talks excessively (α = 0.90). Two items had high difficulty:
dh2-inappropriately leaves seat (β = 3.62) and dh6-talks excessively (β = 3.27), only providing information at very high levels of ADHD.
Low difficulty items were dh1-fidgets (β = 0.53), di2-trouble holding attention (β = 0.62), and di4-doesn't follow through (β = 0.49).
| Test information function
The test information function shows how much information is provided by all items on the 16-item scale or "test" at varying levels of the latent trait, based on the ZIMM two-class model ( Figure 6 ).
The curve shows our model provides the most information between theta values of 0.5 and 1.75, that is, average to moderate levels of ADHD severity.
| Differential item functioning
Other child mental health scales evaluate differential item functioning (DIF; or measurement invariance) by gender, age, and informant (e.g., the SDQ; youthinmind, 2014a). Age and informant were not applicable here because all participants were the same age, and our scale is based on combined responses from parent and teacher informants. Thus, we evaluated DIF by gender. According to the Mantel-Haenszel method, four items had significant DIF (p < 0.05): two in favor of males and two in favor of females. However, none had a large enough effect size to justify removal based on the Educational Testing Service A/B/C classification method (Holland & Thayer, 1986) .
| Comparison of categorical and dimensional measures
Our DSM-5-based ADHD subgroup comprised 5.2% (n = 594) of the sample (N = 11,426). We compared this group with the top 5.2%
(n = 594) of the sample using the ranked IRT ADHD theta score (Table 7) . Four hundred twenty-five children (71.5%) were in both groups. Children in the IRT-based subgroup had slightly higher sum and theta scores and were marginally more likely to be boys, have a medical condition, or a below average reading age. They were less likely to have an unemployed father or a parent with severe malaise (depression). One hundred fifty-nine of the 169 children in the IRTbased group but not in the DSM-5-based group were missing the DSM condition dc3-symptoms interfere with functioning (based on the parent-rated Rutter behavior score). Nine were just under the threshold for both symptom lists (i.e., three inattentive symptoms and five hyperactive), and one had another psychiatric diagnosis, which was not taken into consideration in the IRT model.
| DISCUSSION
Our objective was to develop and demonstrate a method to derive a categorical and dimensional measure of ADHD in the existing data.
We chose the BCS70 to mitigate limitations of insufficient cohort age, sample biases, and imprecise measures typically found in longitudinal studies of ADHD. A data mining framework was used to guide the approach. DSM-5 ADHD criteria were mapped to age 10 data items from BCS70 to derive a 16-item scale, and the mapping was validated by an expert panel. An approximation of the DSM-5 ADHD diagnostic procedure was used to identify a subgroup of children with ADHD symptomatology (N = 594; 5.2%). Prevalence is slightly lower than epidemiology estimates of 6%, perhaps because disadvantaged groups were underrepresented in our sample, and disadvantaged groups tend to be overrepresented in ADHD samples (Russell, Ford, Rosenberg, & Kelly, 2014) . A ZIMM two-class model was selected as the optimal model for estimating a dimensional measure of ADHD, based on the nonnormal, zero-inflated distribution, and comparison with two other plausible model variations. Psychometric properties tested for the 16-item scale, categorical ADHD measure, and dimensional ADHD measure were promising.
We included five of the six DSM-5 ADHD conditions, which is a strength given that most studies only evaluate symptoms (see Willcutt, 2012) . However, four inattentive criteria and one of the conditions could not be mapped (Table 1) . Nevertheless, the prevalence of inattentive type presentation in our sample was comparable with meta-analytic findings (Willcutt, 2012) . This could be partially explained by findings from Li et al. (2015) , who evaluated the full scale and found that two of the items missing from our scale had significant local dependence (di5 and di7; Li et al., 2015) . Also, Arias et al. (2018) analyzed the full scale and found that the most information was provided by three items (dh5, di2, and di8; Table 1 ), all of which were in our scale, possibly offsetting the absent items.
Two items, dh2-leaves seat and dh6-talks excessively, were based on BCS70 items from an unusual scale, and to be conservative, we only coded an often response for values 3 SDs above the mean. Both items were accordingly high on difficulty parameters, and dh6 appeared as a weaker item per Mokken's rule and Loevinger's H. We accepted the high difficulty because it provides information at higher levels of the trait, which is desirable for our purposes. Regarding the relative weakness of dh6, we did not consider this an aberration, because other studies using typical levels of scale measurement also found dh6 to be a weaker item in terms of information provided (Arias et al., 2018; Gomez, 2011; Li et al., 2015) .
The two approaches used to identify an ADHD subgroup (DSM diagnostic rules vs. top 5.2% based on IRT theta score) overlapped substantially in membership. Some difference was expected because the DSM-5 diagnostic rules assume all items are weighted equally, whereas the IRT model weights items according to their relative prevalence. Interestingly, the IRT subgroup had a lower proportion of cases with an unemployed father or depressed parent. Nonoverlapping cases were mostly (94%) explained by the parent rating of moderate to severe behavior problems (condition dc2-symptoms interfere). Children with an unemployed father or depressed parent may have been more likely to receive this rating, thus meeting the condition. This bias may indicate our mapped item dc2 is not an ideal indicator of the DSM condition. Moreover, endorsement for the mapping of this item, although acceptable, was somewhat mixed among expert panel members. These findings illuminate an interesting area for future work.
Our method extends previous work that aimed to identify ADHD in BCS70 (Brassett-Grundy & Butler, 2008) by adhering more closely to the current definition of ADHD and estimating a more precise dimensional measure. We also built upon the work of Garcia-Barrera et al. (2011) by incorporating a data mining framework, more nuanced modeling technique, validation through comparisons with mapped reference scales (e.g., SDQ), and epidemiology. Furthermore, we have replicated part of Wall et al. (2015) by reusing the ZIMM model, strengthening their findings, and applying the model to a different psychiatric construct (ADHD).
The present study adds to the literature on IRT models of ADHD, which has primarily focused on evaluating psychometric properties of items (e.g., Arias et al., 2018; Gomez et al., 2011; Li et al., 2015; Polanczyk et al., 2010) . Our approach aimed additionally to minimize error and estimate a theta score as precisely as possible, through use of a large nonclinical sample and adjustment for the zero-inflated distribution of symptomatology. Also, building a model within the longitudinal context of the BCS70 provides a previously untapped opportunity for future exploration of a wide range of antecedents to long-term outcomes.
Finally, our method is clearly documented and uses mainstream software, making it easy to replicate or adapt (see Appendix S3 regarding sharing of data). Thus, in addition to supporting our future work on causal mechanisms in long-term outcomes for ADHD, similar knowledge gains could be pursued by other authors applying our method in existing large datasets with numerous unmeasured psychiatric constructs.
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